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Abstract
This paper sets out to
1. Provide an understanding of the characteristics associated with the
Australian residential housing market.
2. Examine the various methods of residential house price measurement
currently in the market
3. Scrutinize all the assumptions and validities of the models
4. Construct a comprehensive house indices model (mean and variance)
that is partly a geo-additive hedonic pricing model.
A Semiparametric spatial model is used as it allows nonlinear estimation of
both mean and variance.
A Bayesian approach is used for inference via a Markov Chain Monte Carlo
sampling scheme. A distinct advantage of using the Bayesian approach is
the incorporation of prior information in the inferential process. The prior
is updated with arrival of information. In the real world, the modeller
should have some idea of the outcome before the modelling process begins.
Finite sample inference can be obtained and is more accurate than asymp-
totic approximation. In the case of the real estate market, transaction data
are finite due to infrequent trading. Estimation is done via posterior dis-
tributions which factor in the variability of estimators and therefore have
improved confidence intervals.
Spatial variables such as longitude and latitude are modelled via the con-
struction of a bivariate thin plate spline. These two variables provide pow-
erful lens for capturing the effect of demographic factors and for borrowing
and lending information in neighbouring suburbs. Demographic factors and
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trends are just as important as economic factors in determining demand for
residential housing and they are also included in the model.
Key Words: Housing, index, House Price Surface, smoothing, Hedonic
Imputation
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1 Introduction
In Australia, residential real estate (inclusive of land value) accounts for
around 60% of our national wealth. Australians have been long known to
have an affinity with bricks and mortar. As it is tangible; one can see it
and touch it. It is widely known that Australia has one of the highest home
ownership rates in the world, with home ownership rates resting between 60
to 70% over the past two decades.
”Housing is the biggest asset in the country. Certainly for the household
sector it is about 60 to 70 percent of their total wealth. It is an extremely
important asset class for most people, yet the information we have on prices
is hopeless compared with the information we have on share prices, bond
prices, and foreign exchange rates, and even the information we have on
commodity prices, export prices, import prices and consumer prices. It really
is probably the weakest link in all the price data in the country so I think it
is something that I would like to see resources put into.” (Ian Macfarlane,
Governor of the Reserve Bank of Australia, 4 June 2004)
House price measurement plays a significant role in economic and finance
developments and for policy makers and is of great interest to households
and the mortgage industry. Housing market fluctuations have a significant
effect on the duration of regional and national business cycles
1.1 Why Accuracy Is Important and Why this Task Is So
Difficult
There is a problem of measurement whether to use the price movement
of the dwellings sold within a given time frame; or: the price movement
of all houses in our economy using houses sold in the market as a proxy.
The aim is to gauge correctly how the housing market is going within the
broader macroeconomic context. Characteristics of the housing market such
as compositional change, quality change and timeliness of sale data must be
taken into account for measuring house prices correctly. In Australia, the
family home is the biggest financial asset many people would ever own, they
are willing to have a lifetime financial commitment to own such an asset. It
represents their savings and superannuation.
”There are two key concerns which complicate this task: the prices of
non-transacted houses, which are unobservable; and the difficulty in mea-
suring the quality of houses that are heterogeneous, especially if housing
characteristics change through time. With only a subset of the population of
houses sold in any given period and considerable heterogeneity across houses,
the composition of houses sold can differ between periods” (Hansen 2006)
Houses do not come onto the market frequently in any period; the
turnover rate is about 6% per annum. Along the Australian eastern seaboard,
general transaction activates tend to be low during the cooler months and
1
more buoyant during the emerging spring season, the reason being that gar-
dens look the best during spring. There are exceptions, for example, Gold
Coast being a holiday destination, the highest activities of transactions oc-
cur during January. Houses are known to be heterogeneous by nature, the
observable transactions are not likely to be a good representation of the
entire housing stock. Housings stocks comimg onto the market vary from
one period to the next, and this is known as compositional change.(Prasad
& Richards 2006) This is further complicated by the issue of timeliness of
transaction data, such as the time lag between the sale (contractual date, not
settlement date) and when the sale is recorded by the Land Title Office.(Hill
& Melser 2006)
Housing is a heterogeneous product, there is no perfect substitution of
one house for another. Renovations/improvements add a high variance in the
owner-occupied homes. Renovations/improvements are often not recorded
in the database of Land Title Office. (Goodman & Thibodeau 1998)
A raw median - that no makes no adjustment for compositional change,
displays considerable volatility. For a given period, if more better quality
homes are sold, then the raw median measurement will show an increase in
price. Likewise if more lower quality of homes are sold then the median will
show a decrease in house price movement.
Demand for Housing has increased since the early 1990s, as it has been
much easier for borrowers to gain access to funding due to the wave of dereg-
ulation and products innovation taking place in the financial sectors. In ad-
dition, nominal interest rates have been lowered due to low inflation together
with an extended period of economic expansion. This greater competition
and product innovation have attracted a wider range of potential borrowers,
with the household section choosing to spend more on housing, consequently
demand for housing increased significantly.(Ellis 2006) ”Indeed, the experi-
ence of the past couple of decades suggests that, for a significant part of the
population, housing may have been something of a ’superior good’, that is
the type of good to which for consumers devote an increasing share of their
income as income rises. To some extent, the recent experience might also
suggest that in the earlier era of high interest rates and a regulated finan-
cial system, households were unable to spend as much on housing as they
might otherwise have chosen. In addition, a number of demographic and
social trends have increased the demand for housing in the economy. And
the effect of these ’fundamental’ factors have probably been added to by
increased demand for housing as an asset, due to aspects of the tax system
and a broader shift in attitude about housing” (Richards 2008).
Higher Quality of Housing Stock Moving house is an expensive exercise.
Costs associated with transactions are high, including agent/advertising
costs, stamp duty costs, building inspections, legal fees, temporary accom-
modation and capital gain tax for investors. There are also risks such as
transacting at the wrong price, whether you will like your new neighbours
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or whether to buy before or after selling your current property. Conse-
quently more people in established suburbs are choosing to stay put and
renovate/upgrade their dwellings in response to their greater disposable in-
come.
Supply of Housing The supply of housing is inelastic in the short run.
This reflects the time needed to find land, obtain planning permits and build
new houses. The total available supply of housing is the existing stock, plus
new dwellings being built. ”Each year’s supply of new houses is less than 2
per cent of the existing stock. The housing market is primarily an asset mar-
ket. Most of the transactions in the housing market are associated with buy-
ing and selling existing dwellings. As a result, house prices could rise or fall
irrespective of what was happening to the supply of new houses unlike many
goods, the supply of housing is far from homogenous”(Robertson 2006).
Need for More Disaggregated and Market Reactive Housing Data for Pol-
icy Makers, Households and Lenders More players have joined the mortgage
lending business, creating greater competition within the market. Some of
this capacity has however reduced since 2008. By creating housing move-
ment data that is market reactive as well as of finer granularity, financial
institutions will be able to assess their lending risks better, make sounder
underwriting decisions and lend more scientifically. It is accepted that irre-
sponsible lending by mortgage companies and other financial institutions in
the United States contributed to the GFC. For the past decade and a half,
there has been a significant change in household balance sheets, in particular
higher debt burdens. Housing prices have become an even greater concern
for policy makers in terms of macroeconomic analysis. It is increasingly im-
portant to have a comprehensive set of house price indices that are robust
and truly market reflective.
1.2 Requirements for Data Collection Vary from State to
State
Each Australian state has its own Land Title Office also known as the Valuer
General (VG). When a property sale is transacted, all relevant information
regarding the transaction is reported back to the VG via a legislated proce-
dure. ’Relevant Information’ is defined by each VG accordingly. The data
collection requirement of the VG in both New South Wales (NSW) and Vic-
toria (Vic) is not as stringent. In NSW and Vic, ’Relevant Information’
in respect of a housing transaction as information related to transaction
price, contract date, settlement date. In states such as South Australia
and Western Australia, where housing stocks are more recent, the land title
offices require much more detailed descriptions of both external and inter-
nal characteristics; number of bathrooms and bedrooms, construction of the
housing stock (e.g. brick veneer or timber), interval living space, lot size,
garage/carport and dwelling age. Houses transacted through auctions usu-
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ally have richer housing attributes. Better quality homes are often sold via
the auction method, consequently housing attributes (characteristics) are
much more comprehensive for Sydney’s Eastern Suburbs, North Shore and
Inner West in recent times.
1.3 Measuring Growth across Metropolitan Sydney as one
Population or Dividing Suburbs into Populations via their
Demographical Characteristics.
One can build an index for the metropolis of Sydney based on all sales occur-
ring within the metropolitan area. This may serve as a useful measure when
comparing growth the different cities of Australia. However such a measure
embeds many very different suburbs with very many different characteris-
tics and there may be a risk that an implicit assumption is being made of
uniform growth throughout Sydney.
Is growth uniform across Metropolitan Sydney? Growth amongst the
suburbs of Sydney varies. Suburbs in the south west region and outer sub-
urbs with young families are more sensitive to interest rate hikes as compared
to more aﬄuent suburbs. From mid 2007 to the end of 2008, there had been
a substantial number of mortgage sales in the southwest and west of Syd-
ney due to rising interest costs, which depressed prices in these segments.
At the same time the top end of Sydney housing market appeared to hold
its value well. Whereas during the GFC, it was the dearer suburbs which
suffered more and the cheaper suburbs which fared better. The generally
better paying financial institutions bore of the brunt of the GFG: laying
off more staff and scaling down bonus payments. Premier suburbs such as
Mosman experienced significant house price reductions in late 2008 to mid
2009.
If the key housing variables take on different mean/median values in differ-
ent population, then one could divide the population into subpopulations to
obtain more precise estimates of population quantities. These subpopula-
tions are often called strata. Prasad and Richards (2006) used stratification
to improve median-based measures of house prices. Their method was to
divide the suburbs of Sydney into ten groups via their long term median.
A point to note here is, this is not a task of clustering smaller neighbouring
geographic regions into larger geographic regions, such as from suburbs into
postcode or SLA (Statistical Local Area) or LGA (Local Government Area).
Postcode, SLA and LGA were not formed via using long term housing prices
as a criterion. The variables of interest are housing prices and demographical
trend. See a set of graphs on Median House Price at Postcode Vs Distance
over time below.
Insert Graph 1 Here
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Figure 1: Sydney - Median VS Distance over time
2 Hedonic Models
The concept of hedonic modelling, goes back to Lancaster (1966) and Rosen
(1974), and is based on the derivation of consumers’ utility from the charac-
teristics of goods rather than the goods themselves; hence decisions made are
likely to be based on these characteristics. A hedonic model is a construc-
tion of the relationship between implicit prices (the natural logarithm being
a common choice) and characteristics, and it attempts to explain variations
in house prices by using dwelling characteristics as a set of covariates. To
begin, one sets up a set of regressions of house sale prices on its covariates,
and a constant term for each time period to capture the house price trend
within that time frame.
Ln(Price of a house) = function of (physical characteristics (lot size,
number of bathrooms/bedrooms, age, etc.), neighbourhood characteristics,
distance to the city/amenities, time of the transaction, etc.) The drawbacks
of hedonic regression models in the market are:
1. Data collection intensive, with a heavy reliance on a large and high
quality data set of house characteristics. (Case 1987)
2. Most hedonic models are constructed using a parametric linear re-
gression method. Two issues with parametric linear models are the
assumption of linearity and model fitting being done globally rather
than locally. The greatest drawback of the parametric frame work is
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that the parametric form is imposed on the functions by the modeler;
it does not allow the ’data to speak for itself’. It lacks the flexibility
that non-parametric regression models offer. Under the parametric lin-
ear regression frame work, estimation is done by fitting each variable
separately. In the case of Hedonic models, the curse of dimensionality
is likely to occur when one tries to use as many descriptive predictors
as possible for a finite number of observations. Consequently these
hedonic models are over fitted.
3. The usual concern with omitted attributes, and their effect on the
estimated price index. (Meese & Wallace 1997)
4. Treatment of spatial auto-correlation for hedonic models is not gen-
erally present in most hedonic models in the market. The simplistic
treatment of covariance matrices of the residual structure is not ap-
propriate for the housing market - assuming zero for all off-diagonal
elements is the same as saying the transaction prices of neighbouring
houses are not correlated.
5. Variance model is not present. While it is useful to understand the
contributions of each variable and how it effects the goodness of the fit
for the overall expected value model, it is just as important to build
a variance model to gain insight into the variabilities of the variables
used.
House prices are spatially correlated for a number of reasons: Neigh-
bourhoods tend to be developed about the same time, consequently neigh-
bourhood properties tend to share similar structural characteristics such as
lot size, internal living space, dwelling age and external features. (Basu &
Thibodeau 1998) Social-economical factors - sharing similar demographical
characteristics, higher-income households may be willing to pay more for
neighbourhood services to have better facilities within the local area.
Data used for our Model The time period is from 1994:Q1 to 2006:Q4
for the Sydney metropolitan. Exclusion of transaction records of following
nature: A family transaction - transaction occurred within family members.
These transactions are known as ”private treaty love and affection”.
2.1 At what geographical level should indices best be based
upon?
One can just build an index for the whole of Sydney based on all the trans-
actions occurring within the metropolitan area. While it serves a useful
measure when comparing growth among different metropolitan cities, one
must be aware of the risks embedded in this calculation because the growth
within Metropolitan Sydney is not uniform.
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Having estimation based on suburb levels would deal with the issue of
compositional change to a greater extent. However, one must also bear in
mind that the number of transactions at suburb level is small, and this
problem is being magnified by in-complete transaction data in real time.
Prasad & Richards (2006) indicate that ”to control for what appears to be
the most important form of compositional change is to control for changes
in the proportion of houses sold in higher-priced and lower-priced regions in
any period”. Their results suggest that grouping data on the basis of median
suburb prices rather than on a geographic basis, as the former provides a
better control for changes in the mix of sales between dearer and cheaper
properties.
While the strata groups proposed by Prasad & Richards (2006) have worked
well, we are purposing a grouping method which is based on their idea of
using the long-term median, and also taking Income and Distance to CBD
into account. Within the housing industry it is common to divide metropoli-
tan Sydney into three rings by using the CBD as the centre.
Inner Ring - 0 Km to about 7 or 8 Km.
Middle Ring - from 8 Km to about 18 Km.
Outer Ring - from 18 km to 40 Km.
Semi Rural - from about 40 Km onwards.
and they can be observed by the plots of ”Sydney - Median VS Distance
Over Time” and ”Sydney - More on Median VS Distance Over Time”.
Different social-economic groups congregate in different parts of Sydney.
Their characteristics and behaviour influence the cost of housing. Water
ways divide Sydney into different housing price bands naturally and they
reflect different demographical congregations, namely the Northern Suburbs,
the Southern Suburbs, the South West, the Western Suburbs and the East-
ern Suburbs. A study carried out by (Hansen 2006) suggests that the vast
majority of the explanatory power in standard hedonic regressions comes
from the location of a dwelling.
2.2 Our Grouping Method - How do we Divide into Sub-
Populations
Estimation based on suburb levels would deal with the issue of composi-
tional change to some extent. However, one must also bear in mind that the
number of transactions at suburb level is small, and this problem is magni-
fied by in-complete transaction data in real time. (Prasad & Richards 2006)
comment that ”to control for what appears to be the most important form
of compositional change is to control for changes in the proportion of houses
sold in higher-priced and lower-priced regions in any period”. Their results
also suggest that grouping data should be on the basis of median suburb
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prices rather than on a geographic basis, as the former provides a better
control for changes in the mix of sales between dearer and cheaper proper-
ties.
While the groupings proposed by (Prasad & Richards 2006) have worked
well. We propose to form larger geographical areas by grouping suburbs to-
gether according to which ring they sit in as well as their directional grouping
(northern, southern, southwest etc). Indices are estimated within each of
these newly defined ”groups”. Information from these groups (i.e. strata) is
pooled to obtain the overall population estimate i.e. - a Total Sydney Index.
This should give more precise (having lower variance) estimates for ”a Total
Sydney Index” Within the housing industry there is a widely held view that
housing and related prices vary according to the rings around CBD:
Inner Ring: 0 Km to about 7 to 8 Km. Middle Ring: from 8 Km to
about 16 Km Outer Ring: from 16 Km to 35 Km, Semi Rural: 35 Km and
beyond.
The three groups were formed in this study to show the importance of group-
ing appropriate socio-economic/demographical characteristics (see appendix
for suburb details).
• Group1: Inner Northern Suburbs (Lower North Shore) of a distance
of up to 7Km to CBD, + together places like Manly and Fairlight with
distance of up to 10Km to CBD. This group consists of aﬄuent suburbs
with higher median prices and higher taxable incomes. Attributes in
this group are well populated due to (1) higher quality advertisements
(higher advertisement costs) and (2) higher number of transactions are
auctions.
• Group2: Inner Western suburbs with a distance of up to 7Km to CBD,
including areas such as Canada Bay (8.4Km to CBD). This group
consists of a large number of up-and coming suburbs (gentrification
started to taking place about a decade and a half ago). Attributes
here are relatively well populated for the past decade.
• Group3: Mid Southern/Western and Southern suburbs with distance
varying from about 6Km to 15Km to the CBD. This group consists of
less aﬄuent suburbs. Housing attributes are poor in this group.
Insert Graph 2 Here
Insert Graph 3 Here
Insert Graph 4 Here
Insert Graph 5 Here
Insert Graph 6 Here
Insert Graph 7 Here
Insert Graph 8 Here
8
Figure 2: Sydney Lower North (Group 1) - Median & Income VS Distance
to CBD in 1997
Year 1997 – Postcode level Median Price vs Distance to Sydney CBD; Postcode level Income 
vs Distance to Sydney CBD.   
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Figure 3: Sydney Lower North (Group 1) - Median & Income VS Distance
to CBD in 2007
Year 2007 – Postcode level Median Price vs Distance to Sydney CBD; Postcode level Income 
vs Distance to Sydney CBD.   
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Figure 4: Sydney Inner North (Group 1) - Median And Income VS Distance
to CBD in 1997,2002 and 2007
Joint Plots of Median Price and Income vs Distance to the CBD 
for 1997, 2002 and 2007 
 
 
3 4 5 6 7 8 9 10 11
4
6
8
10
x 10
5
P
o
s
tc
o
d
e
 l
e
v
e
l 
M
e
d
ia
n
$
4
5
6
7
x 10
4
P
o
s
tc
o
d
e
 l
e
v
e
l 
In
c
o
m
e
Sydney Inner North - 1997
 
 
Income
3 4 5 6 7 8 9 10 11
0.5
1
1.5
2
x 10
6
P
o
s
tc
o
d
e
 l
e
v
e
l 
M
e
d
ia
n
$
4
6
8
10
x 10
4
P
o
s
tc
o
d
e
 l
e
v
e
l 
In
c
o
m
e
Sydney Inner North - 2002
3 4 5 6 7 8 9 10 11
0.5
1
1.5
2
2.5
x 10
6
P
o
s
tc
o
d
e
 l
e
v
e
l 
M
e
d
ia
n
$
4
6
8
10
12
x 10
4
P
o
s
tc
o
d
e
 l
e
v
e
l 
In
c
o
m
e
Distance to Sydney CBD in KM
Sydney Inner North - 2007
11
Figure 5: Sydney Inner West (Group 2) - Median & Income VS Distance to
CBD in 2002
Year 2002 – Postcode level Median Price vs Distance to Sydney CBD; Postcode level Income 
vs Distance to Sydney CBD.   
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Figure 6: Sydney Inner West (Group 2) - Median & Income VS Distance to
CBD in 2007
Year 2007 – Postcode level Median Price vs Distance to Sydney CBD; Postcode level Income 
vs Distance to Sydney CBD.   
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Figure 7: Sydney Inner West (Group 2) - Median And Income VS Distance
to CBD in 1997,2002 and 2007
Joint Plots of Median Price and Income vs Distance to the CBD 
for 1997, 2002 and 2007 
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Figure 8: Sydney Mid South and SouthWest (Group 3) - Median & Income
VS Distance to CBD in 1997
Year 1997 – Postcode level Median Price vs Distance to Sydney CBD; Postcode level Income 
vs Distance to Sydney CBD.   
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Figure 9: Sydney Mid South and SouthWest (Group 3) - Median & Income
VS Distance to CBD in 2002
Year 2002 – Postcode level Median Price vs Distance to Sydney CBD; Postcode level Income 
vs Distance to Sydney CBD.   
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Insert Graph 9 Here
Insert Graph 10 Here
2.3 Attributes Used in Our Model
As discussed earlier, there is no requirement to report detailed information
on dwellings transacted back to Land Title’s Office in the states of NSW
and Vic, consequently dwelling characteristics are not as rich as the newer
states. Below is the list of attributes used:
• Gross income at postcode level from financial year 1998 onwards;
• Area size;
• Latitude and Longitude;
• Number of bedrooms/bathrooms;
Disposable income determines buyers’ purchasing power (affordability). Higher
incomers can afford to buy houses of better stocks and in more desirable lo-
cations. The set of graphs show the relationship between Median Price and
Gross Income for the three groups and they suggest that:
• a relationship between median prices and income at postcode level
is evident, with exceptions such as postcode 2020 (Mascot) and 2193
(Campsie).
• the relative ranking of median prices at postcode level has not changed
a great deal over the years of our study period (14 years or so).
• in 2002 for Group 2 the relationship of median price to income is not
as consistent compared to other graphs. The last boom in Sydney
was during year 2002 to 2003, it was known as the Inner city and Sea
Change Boom.
3 Our Model
There are two ways to construct a hedonic price index. First, a separate
regression for each time period is run. The other method is to use pooled
data, where a single equation is constructed, with the inclusion of a time
dummy for each time period to capture the movement in prices. A pooled
data approach is used with a view to constructing a more comprehensive
price surface.
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Figure 10: Sydney Mid South and SouthWest (Group 3) - Median And
Income VS Distance to CBD in 1997,2002 and 2007
 
Joint Plots of Median Price and Income vs Distance to the CBD 
for 1997, 2002 and 2007 
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3.1 Model and Prior Specifications
Modeling socio-economical variation through the building a latitude/longitude
parsimonious surface. By building this surface, we are utilizing spatial cor-
relation for ”borrowing” information across neighbourhoods.
• Let p be ln(house price)a response variable taking values on the real
line. We model the regression of p on covariates x as follows
To model g we write
g(x) = α′z + f(x)
where z = (1, x′)′, α is a coefficient vector and f(x) is the nonlinear
part of g. We write f = (f(x1), . . . , f(xn))
′ as a linear combination
of basis functions so that f = Xβ, where the columns of the design
matrix X are partial thin plate splines basis functions and β is an
m× 1 vector of coefficients with prior N(0, τI)
Partial thin plate spline functions are used to model smoothly the
surfaces
1. Normalize the values of all covariates to lie in the interval [0,1]
2. Choose the number m and location of knots, so that in a given
hypercube of width , and dimension p a knot is placed at the
center of gravity of the hypercube.
3. Let x˜j be the position of the j
th knot and let x∗i be the i
th row of
the normalized covariates. Partial thin plate basis functions are
constructed as xij = ||x∗i − x˜j ||a ∗ log(||x∗i − x˜j ||), a = 2∗ceil(p2 +
0.1)− p
4. To limit the dimension of the design matrix we take a singular
value decomposition of X, s.t. X = UΛV ′ where U and V ′ are
square, orthonormal matrices and Λ is an n × m matrix, with
nonnegative numbers on the diagonals. We then let λii = 0 for
i > 5 and re-form X by letting X = UΛ. The design matrix X
is now a n× 5 matrix.
3.2 Our Hedonic Model based on All Transactions
pit = α+X·tβ + ItDit + f(lat, long) + itt (1)
e2it = X·tβ + ItDit + f(lat, long) (2)
X1-AreaSize, X2-No.Bed, X3-NO.Bath, i-ith dwelling sold, t-time in quar-
ters, D-dummy ith dwelling sold in t quarters, X4-income, (latitude,longitude)
p - ln(house price)
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Let us denote N as the singular value of decomposition when constructing
the latitude/longitude parsimonious surface, it to cover the variability of the
surface, i.e. the more the variation in the surface, the higher the number of
N is used. The minimum value of N is 2.
3.3 Model Run from 1994 Q2 to 2006 Q3 - Income not
Present
3.3.1 Group 1 - Inner North (Lower North Shore)
The covariates are: bed, bath, areasize, latitude&longitude, and number of
quarters is 52.
Table 1: Group 1 - Summary Statistics
N Model R squared F P Error
N=6 Mean 0.7594 447.3662 0.00 0.0833
Variance 0.0453 6.7204 0.00 0.0332
N=5 Mean 0.7496 431.1613 0.00 0.0867
Variance 0.0482 7.2947 0.00 0.0353
N=4 Mean 0.7441 425.8667 0.00 0.0886
Variance 0.0501 7.7266 0.00 0.0362
N=3 Mean 0.7441 433.0625 0.00 0.0886
Variance 0.0501 7.8494 0.00 0.0361
Table 2: Group 1 - Summing Variability over the 52 Quarters
N=6 N=5 N=4 N=3
71.7579 -68.0736 -70.7271 -73.1142
From the summary statistics table, the results are not dissimilar for N =
3 to N = 6. Since we are looking for the smallest sum of variability value,
from the table of Summing Variability, it is achieved by choosing N = 5.
3.3.2 Group 2 - Inner West
The covariates are: bed, bath, areasize, latitude&longitude and number of
quarters is 52.
From the summary statistics table, again the results are not very different
from N = 2 to N = 5. Since we are looking for the smallest sum of variability
value, from the table of Summing Variability, it is achieved by choosing N
= 2.
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Table 3: Group 2 - Summary Statistics
N Model R squared F P Error
N=5 Mean 0.8082 911.2979 0.00 0.0524
Variance 0.0496 11.2815 0.00 0.0202
N=4 Mean 0.8077 923.5508 0.00 0.0526
Variance 0.0501 11.5999 0.00 0.0203
N=3 Mean 0.8062 947.6871 0.00 0.0529
Variance 0.0511 12.2605 0.00 0.0205
N=2 Mean 0.8071 935.2651 0.00 0.0527
Variance 0.0521 12.0741 0.00 0.0203
Table 4: Group 2 - Summing Variability over the 52 Quarters
N=5 N=4 N=3 N=2
71.2911 -71.7832 -70.8264 -69.6903
3.3.3 Group 3 - Sydney Mid South and SouthWest
The covariates are: bed, bath, latitude&longitude, and number of quarters
is 52.
Table 5: Group 3 - Summary Statistics
N Model R squared F P Error
N=6 Mean 0.7515 449.6422 0.00 0.0516
Variance 0.0336 5.7526 0.00 0.0116
N=5 Mean 0.7481 499.0512 0.00 0.0523
Variance 0.0317 5.4964 0.00 0.0115
N=4 Mean 0.7391 484.4829 0.00 0.0542
Variance 0.0298 5.2562 0.00 0.0117
N=3 Mean 0.7399 494.8823 0.00 0.0540
Variance 0.0290 5.1888 0.00 0.0188
Again, by going through the above two tables, one would choose N=3.
3.4 The Graphs from our Model Runs Tell a Compelling
Story
For each group, contributions of variables to the mean and variance are
graphed and the price surface are shown. Postcodes are displayed on the
surface rather than suburb names, as there is not enough space for a name.
Groups 2 and 3 house price surfaces are flatter than the Group 1 surface,
because there is more variation in house price in the aﬄuent suburbs.
21
Table 6: Group 3 - Summing Variability over the 52 Quarters
N=5 N=4 N=3 N=2
68.6292 -67.918 -64.2392 -65.1347
Insert Graph 11 Here
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Figure 11: Sydney - Group 1 House Price Surface
Insert Graph 12 Here
Insert Graph 13 Here
Insert Graph 14 Here
Group 1 - It is clear that bathroom numbers contribute the most to
house price in terms of mean and variance. Interestingly, both area-size
and number of bedrooms do not contribute much to the variance. This is
a group of aﬄuent suburbs, where the number of bathrooms should be the
most important factor. In general there are are more bathrooms in better
quality homes. Most homes here reside on reasonable blocks of land, areasize
ranks behind number of bedrooms.
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Figure 12: Sydney - Group 2 House Price Surface
Group 2 - Again bathroom numbers contribute the most to house price
in terms of mean and variance. Area-size contributes more than bedrooms
to the variance because in general land size is a lot smaller in this group.
Group 3 - Both bedrooms and bathrooms contribute about the same to
the mean and again the number of bathrooms contributes the most to the
variance. Area-size is not used as the data fill-in rate is low in this group
as this group consists of relatively poorer suburbs. On average there is only
one bathroom per house in this group.
3.5 Model run from 1998 Q2 to 2006 Q3 (34 quarters) -
Inclusive of Income VS Exclusive of Income
Income data became available electronically from 1998 onwards, from when
the models (with income and without income) are run. The aim here is to
compare the results when income is one of the explanatory variables to when
it is not.
For Group 1 and 2, the covariates used are bed, bath, area-size, latitude
& longitude with income and without income. For Group 3, the covariates
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Figure 13: Sydney - Group 3 House Price Surface
used are bed, bath, latitude & longitude with income and without income.
3.5.1 Check the Value of Singular Decomposition used (N) for
this Time Frame
For this run the time frame for model runs is shorter. One would expect that
N number used for each group should be less or remain the same in the case
of Group 2 (N=2 is the minimum). The results from below table showing
that N used has indeed reduced, N from 5 to 4 for Group 1 and N from 3
to 2 for Group 3. It does make sense that the variability of the surface has
reduced due to a shorter time frame. Next, check summary statistics for
model runs, again the results from the summary statistics table show not
significant difference under the range of N (smaller range of N this time)
used for each group.
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Table 7: Summing Variability over the 34 Quarters - all groups
Group 1 Income N=6 N=5 N=4 N=3
-50.8156 -52.4891 -47.8757 -50.3573
No Income N=6 N=5 N=4 N=3
-49.483 -52.0416 -48.004 -50.7664
Group 2 Income N=5 N=4 N=3 N=2
-50.6046 -51.0313 -50.2349 -49.6333
No Income N=5 N=4 N=3 N=2
-50.4368 -51.1272 -49.3823 -48.4711
Group 3 Income N=5 N=4 N=3 N=2
-45.0885 -44.2605 -43.4128 -41.8735
Income N=5 N=4 N=3 N=2
-47.6517 -47.1551 -45.7603 -44.8184
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Figure 14: Group 1 2 & 3 - Results from Mean & Variance Model run
Contribution of Variables to Mean and Variance 
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Table 8: Summary Statistics for Income Vs No Income - all groups
Group N Model R squared F P Error
Group 1 Income N=5 Mean 0.7008 334.3147 0.00 0.0834
Variance 0.0395 5.8737 0.00 0.0362
N=4 Mean 0.6963 334.5732 0.00 0.0847
Variance 0.0414 6.296 0.00 0.0371
N=3 Mean 0.6906 333.1807 0.00 0.0862
Variance 0.0423 6.5965 0.00 0.0374
NO Income N=5 Mean 0.6977 336.7844 0.00 0.0843
Variance 0.0453 6.9213 0.00 0.0362
N=4 Mean 0.6953 340.5912 0.00 0.0849
Variance 0.0424 6.6024 0.00 0.0371
N=3 Mean 0.6867 334.7786 0.00 0.0873
Variance 0.0453 7.2503 0.00 0.0377
Group 2 Income N=4 Mean 0.7256 579.8393 0.00 0.0494
Variance 0.0553 12.8356 0.00 0.0189
N=3 Mean 0.7238 578.8559 0.00 0.0497
Variance 0.0563 13.3747 0.00 0.0193
N=2 Mean 0.7233 599.879 0.00 0.0498
Variance 0.0567 13.8051 0.00 0.0193
NO Income N=4 Mean 0.6798 476.1867 0.00 0.0577
Variance 0.0663 15.9225 0.00 0.0207
N=3 Mean 0.68933 486.2165 0.00 0.0577
Variance 0.0673 16.5679 0.00 0.0208
N=2 Mean 0.7222 610.7951 0.00 0.05
Variance 0.0573 14.2747 0.00 0.0191
Group 3 Income N=4 Mean 0.6133 278.6595 0.00 0.0476
Variance 0.0288 5.0214 0.00 0.0103
N=3 Mean 0.6066 277.2778 0.00 0.0485
Variance 0.0282 5.2014 0.00 0.0104
N=2 Mean 0.6077 285.2282 0.00 0.0484
Variance 0.0232 4.3804 0.00 0.0105
No Income N=4 Mean 0.6013 271.1416 0.00 0.0491
Variance 0.0246 4.527 0.00 0.0105
N=3 Mean 0.5838 258.3034 0.00 0.0513
Variance 0.0226 4.2618 0.00 0.0104
N=2 Mean 0.58492 265.824 0.00 0.0483
Variance 0.0216 4.1693 0.00 0.0107
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3.6 Does Income Add Additional Information
Insert Graph 15 Here Clearly, for Group 1 and 2, income ranks fourth
in the contribution to both mean and variance estimation. Income does not
add additional information for these two groups. It is a different story for
Group 3, income adds the most explanatory power in both terms of the
mean and variance estimation.
4 More on Indices
The indices from these three groups are clearly different; i.e. growth is
not uniform across Metropolitan Sydney. Let us form a combined group
and examine the behaviour of a new group. As mentioned earlier, Group
3 does not have a complete set of data on ”Area Size”. From our previous
model runs, the important variables are latitude and longitude, bedroom
and bathroom; income is not significant for Group 1 and 2 but significant
for Group 3. As we are comparing indices for the whole study period (1994
to 2006), number of bathrooms and bedrooms and lat&long are used as
attributes for the combined group.
The first graph set from More Graphs on Indices shows bathroom numbers
contribute more to both mean and variance estimation for the combined
group, much more for the variance. The second graph shows that the index
of the combined group is somewhere in between Group 1 and Group 3 and
more closely aligned to Group . One would expect the combined group index
to be sitting something in the middle of the three groups. It is interesting to
see these indices peak at different times, especially during the housing boom
of 2001 to 2003; Group 3 peaked early then correction set in; Group 2 had
a smaller peak and followed by a correction; in the case of Group 1, it kept
going up gradually. One cannot gauge how the subsegment of the housing
market is performing by just looking at the overall index (combined group
in our case).
Insert Graph 16 Here
Indices After Adjusting for CPI So far the indices estimated are nominal
indices, by plotting CPI against these nominal indices, one would be able to
get a sense of ”real” vs ”nominal” indices, see Graph 3 from More Graphs on
Indices. House price in these groups has increased well above the inflation
rate.
5 Conclusion
The conclusions of this paper are:
• By grouping suburbs into larger groups according to their socio-demographical
characteristics, we are able to gain a much better insight into the main
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drivers for price movement and the main drivers to the variability of
the price.
• By constructing a bivariate thin plate spline through longitude&latitude,
we are able to ”borrow” information amongst neighbourhood, conse-
quently reducing the need for comprehensive data collection as inputs
to hedonic estimation. Hedonic Estimation no longer needs to be data
intensive!
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Suburbs within our groupings:
Group 1 (Balmoral, Beauty Point, Clifton Gardens, The Spit, Mosman,
Neutral Bay, Cremorne, Cremorne Point, Seaforth, Clontarf, Queenscliff,
Manly, North Sydney, Kirribilli, Waverton, Lavender Bay, McMahons Point,
Cammeray, North Bridge, Crows Nest, Greenwich, St Leonards, Woolstond-
craft, Greenwich, Osborne Park, Longueville, Riverview, Lane Cove, Linley
Point, Hunters Hill, Boronia Park, Woolwich, Castlecrag, Artarmon, Hunt-
leys Point, Henley, Tennyson Point, Castle Cove, Roseville, Fairlight).
Group 2 (Millers Point, Haymarket, Dawers Point, Pyrmont, Ultimo,
Chippendale, Darlington, Alexandria, Beaconfield, Zetland, Darlinghurst,
Surrey Hill, Redfern, Glebe, Forest Lodge, Annandale, Lilyfield, Leichhardt,
Balmain, Balmain East, Birchgrove, Newtown, Enmore, Eveleigh, Ersk-
ineville, Stanmore, Petersham, Lewisham, Abbotsford, Canada Bay, Five
Dock, Rodd Point, Russell Lea, Wareembe, Chiswick, Drummoye, Camper-
down, Rozelle). Group 3 (St Peters, Tempe, Sydenham, Dulwich Hill, Mar-
rickville, Turrella, Arncliffe, Clemton Park, Earlwood, Undercliff, Bardwell
Park, Bexley, Bexley North, Kingsgrove, Beverley Hills, Narwee, Cante-
bury,Ashbury, Campsie, Belfield, Belmore, Lakemba, Wiley Park, Hurstville,
Penhurst, Rockdale, Brighton le sand, Banksia, Kyeemagh, Kogarah, Rams-
gate, Carlton, Allawah, Roseberry, East Lakes, Botany, Moscot).
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Figure 15: Group 1 2 & 3 - Results from Mean & Variance Model run
Contribution of Variables to Mean and Variance 
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Figure 16: More Graphs on Indices
More on Indices 
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